Background Comparative effectiveness research (CER) often includes observational studies utilizing administrative data. Multiple conditioning methods can be used for CER to adjust for group differences, including differencein-differences (DiD) estimation. Objective This study presents DiD and demonstrates how to apply this conditioning method to estimate treatment outcomes in the CER setting by utilizing the MarketScanÒ Databases for multiple sclerosis (MS) patients receiving different therapies. Methods The sample included 6762 patients, with 363 in the Test Cohort [glatiramer acetate (GA) switched to fingolimod (FTY)] and 6399 in the Control Cohort (GA only, no switch) from a US administrative claims database. A trend analysis was conducted to rule out concerns regarding regression to the mean and to compare relapse rates among treatment cohorts. DiD analysis was used to enable comparisons among the Test and Control Cohorts. Logistic regression was used to estimate the probability of relapse after switching from GA to FTY, and to compare group differences in the pre-and post-index periods. Results Crude DiD analysis showed that in the pre-index period more patients in the Test Cohort experienced an MS relapse and had a higher mean number of relapses than in the Control Cohort. During the pre-index period, numeric and relative data for MS relapses in patients in the Test Cohort were significantly higher than in the Control Cohort, while no significant between-group differences emerged during the post-index period. Generalized linear modeling with DiD regression estimation showed that the mean number of MS relapses decreased significantly in the post-index period among patients in the Test Cohort compared with patients in the Control Cohort. Conclusion In this study, an MS population was utilized to demonstrate how DiD can be applied to estimate treatment effects in a heterogeneous population, where the Test and Control Cohorts varied greatly. The results show that DiD offers a robust method for comparing diverse cohorts when other risk-adjustment methods may not be adequate.
The current study demonstrated the application of the DiD methodology in CER settings to estimate treatment effects in a heterogeneous MS population, where the Test and Control Cohorts varied greatly.
This study has shown that DiD offers a robust comparison of groups, when propensity score matching and other risk-adjustment methods are not suitable. One potential issue is a jump in health outcomes immediately prior to switching the drug.
Introduction
Comparative effectiveness research (CER) has become a cornerstone methodology for health-care decision making, particularly for informing therapeutic options [1] . While randomized controlled trials are the gold standard of CER, observational studies utilizing administrative data are increasingly being conducted to estimate treatment effects between groups [2] . In order to evaluate treatment effects, comparable groups should be established that are wellbalanced on multiple factors which may influence outcomes [3, 4] .
Although propensity score matching (PSM) is commonly used in CER to create comparable groups, PSM does not apply to studies where treatment and control groups are highly skewed. Applying PSM may result in a small sample size because unmatched patients are dropped from the final sample [2, [4] [5] [6] [7] [8] . Furthermore, King and Nielsen [9] argue that PSM should not be used as it ''increases imbalance, inefficiency, model dependence, research discretion, and statistical bias at some point in both real data and in data generated to meet the requirements of PSM theory''. Inverse probability of treatment weighting (IPTW) can be applied to balance treatment groups regarding factors that may bias the treatment effect estimates, without losing any patients from the sample [3, 4] . However, treatment effect estimates may be impacted by propensity scores that have very large weights [2] . In addition, approximates of PSM are subject to the completeness of measures related to the differences in patient and clinical characteristics; however, in observational studies, a complete composite of all these differences is not easy to capture because of the lack of related measures. Therefore, these characteristics may not be balanced between different groups, and this may bias the estimate of treatment effects.
Due to the limitations of PSM and IPTW, the differencein-differences (DiD) method may be an alternative methodology [10] . Historically, DiD has been used in the evaluation of health-care policy, as it allows the researcher to control for background changes in outcomes [10] . DiD estimation permits the comparison of differences in outcomes before and after an intervention (e.g. treatment or health-care policy change) between groups affected and unaffected by the intervention [10, 11] . This methodology is appropriate to use when the interventions involved are ''as good as random, conditional on time and group fixed effects'' [11] . This means that DiD has the advantage of allowing researchers to estimate treatment effect, while accounting for unobserved variables that are assumed to remain fixed over time [12] .
Study Objective
This retrospective administrative claims database study demonstrates how to apply the DiD method to estimate treatment outcomes in the CER setting. Specifically, this study applied DiD for analyzing treatment effects related to multiple sclerosis (MS) relapses. MS is a unique population, which is characterized by heterogeneity in clinical features and responsiveness to treatment [13] . Using DiD, this study focused on specific methods used to obtain the results regarding treatment effects in patients switching from glatiramer acetate (GA) to fingolimod (FTY) compared with those remaining on GA.
2 Difference-in-Differences (DiD) Methodology
Review of DiD Methodology
Simple pre-and post-treatment comparisons may be impacted by temporal trends in the outcome variable, or by other events that occurred between the two periods [14] . To overcome this issue, using a quasi-experimental design, DiD can be used when two periods of data are available for the treatment and comparison groups. The DiD estimator measures the treatment effect by looking at the difference between the average outcome in the control and treatment groups, before and after treatment [14] .
DiD Assumptions
A key assumption of DiD is known as the 'parallel trend' assumption, which supposes that in the absence of treatment, the average outcomes of the treatment group and the comparison group would follow parallel paths over time [14] . This allows DiD to account for unobserved variables, which are assumed to remain fixed over time [12] .
DiD Approach
In an evaluation of a treatment effect, a sample of patients are observed before and after a treatment. In the simplest case, if two periods of data (0 and 1) are analyzed and treatment begins in between the two periods of time, the treatment effect can be identified by simply looking at outcomes before and after the treatment, and classify the effect as:
Herein, Y 1 is the mean outcome in the period following the treatment and Y 0 is the mean outcome in the period prior to the commencement of the treatment. At this point, this can be called or thought of as a matching estimator where these actions match a member of the treatment group to him/herself prior to receiving the treatment. For covariates that do not change over time, perfect balance is present whether or not those variables are included in the dataset.
The problem with this approach is that 'things' do change over time. Moreover, the effects of any other event that happened between the two periods are attributed to the treatment. Therefore, in order to account for changes over time, a second group is required. Assume one group, Group A, is administered the treatment between periods 0 and 1 (Let Y A1 À Y A0 be the change in the outcome for this group), while a second group, Group B, does not receive the treatment at all (Let Y B1 À Y B0 be the difference in outcome for that group).
Under the assumption that Y B1 À Y B0 provides a good estimate of what would have happened to Group A had they not received the treatment, the treatment effect can be estimated using the DiD estimate:
This approach can be formally justified with a fixed effects model.
where Y it is the outcome for person i at time t, T it indicates whether person i received the treatment at time t, t is time period (0 or 1) and h i is a person fixed effect. As long as Eðe it jG i ; tÞ ¼ 0 where G i indicates the group type (either A or B). Then:
In addition, this approach makes clear what key assumption justifies DiD. The sample analogue of the equation above yields:
Therefore, for consistency we need that:
In practice, the DiD estimate can be obtained either as a simple DiD, by running the fixed effect regression above, or by running a regression of Y it on T it , t, and a dummy variable to belonging to Group A. This can be further generalized to include more time periods (T), more groups (G), and additional covariates as one can run the regression
where X it represents additional covariates, D t is a T Â 1 vector of dummy variables indicating the time period and G i is a G Â 1 vector of dummy variables indicating the group to which individual i belongs. That is D t consists of a one in row t and zeros in all other rows while G i consists of a one in the row corresponding to the group in which individual i belongs, and zeros in all other rows. Expanding this notion to nonlinear models of a linear index such as a logit or a negative binomial is straight forward.
Limitations of Difference-in-Differences Method
The limitations of DiD relate to the need to find similar study groups, as ideally, the only difference should be exposure to the intervention. For instance, according to the common shocks assumption, any event that occurs during or following the intervention, should equally affect each group. Likewise, the parallel trends assumption, outlined above, can be evaluated using a regression model; if the trends between the two groups are significantly different, the analysis may be biased [10] . Therefore, a limitation of this method is in finding treatment and control groups which meet these assumptions [10] . While this approach accounts for unobservable variables that are fixed over time, the biggest issue is that it does not account for unobservable variables that are not fixed over time [15] .
Application of Difference-in-Differences Method

MS Study Sample
The sample was obtained from the Truven Health MarketScan Ò Commercial Claims and Encounters and Medicare Supplemental Databases, one of the largest administrative claims databases in the USA with employersponsored and Medicare population with supplemental insurance [16] . Data were de-identified according to the US Insurance Portability and Accountability Act (HIPAA). The study did not involve collection, use, or transmission of individually identifiable data; thus, no Institutional Review Board approval was required.
Patient Cohorts and Study Design
In this study, two treatment cohorts were evaluated: (1) the Test Cohort (patients who had switched from GA to FTY and 2) the Control Cohort (patients who remained on GA) (see Fig. 1 for details on patient selection). The Test Cohort were patients who switched to FTY in the identification period and the Control Cohort were patients who received GA only during the identification period (October 1, 2010 to September 30, 2012). The index date was defined as the first FTY claim in the Test Cohort, or first GA claim in the Control Cohort. The pre-index period, or baseline period, was defined as the 12 months before the index date, while the post-index period was defined as the 12 months following the index date.
The primary outcome was relapse rate during the postindex period. In this study, an MS relapse was defined using the claims-based algorithm validated by Chastek et al. [17] , which involves meeting one of two criteria: a claim with an MS diagnosis code in the primary position at any time during an inpatient hospitalization, or a claim with an MS diagnosis code in the primary or secondary position in an outpatient setting plus a pharmacy or medical claim for a qualifying corticosteroid on the day of, or within 7 days, after the visit [17] . Additionally, the 'clean period' between initiation of relapses must be at least 30 days [17] .
The study included eight quarters, representing the preindex and post-index periods; the pre-index period included four quarters of data (4th quarter prior to index, 3rd quarter prior to index, 2nd quarter prior to index, 1st quarter prior to index; labeled as: -4, -3, -2, -1, respectively in Fig. 2) , likewise, the four quarters of data in the post-index period were the 1st quarter post index, 2nd quarter post index, 3rd quarter post index and the 4th quarter post the index. These quarters are labeled as: 1, 2, 3, and 4, respectively in Fig. 2 .
In the first phase of this study, IPTW analyses were applied (see Appendix Table 4 . Balance Check Propensity Score Weighted Baseline Measures in appendices). The preliminary analysis revealed that the patient populations varied greatly across the two treatment cohorts; therefore, PSM and other risk-adjustment methods would not have been suitable for further analysis. DiD analysis was used to enable robust comparison of the Test and Control Cohorts.
MS Study Patient Baseline Characteristics
The analysis included data from 6762 patients, including 363 (5.4 %) in the Test Cohort, 6399 (94.6 %) in Control Cohort. For reasons we will discuss later, we eliminated data from -1Q prior to switching drugs, the quarter immediately prior to the index date, as described in the section below (see Sect. 2.3).
Baseline demographic and clinical characteristics varied between the Test Cohort and the Control Cohort (Table 1) . Fig. 1 
Trend Analysis
Before conducting the DiD analyses, a trend analysis was conducted to investigate the parallel trends assumption, the key assumption of DiD.
Ideally, in the absence of treatment, the trends in outcomes would be parallel between the treatment and control groups. While it is impossible to test this assumption after the treatment has been administered, it is feasible to test it in the prior periods. The common practice is to examine the outcomes of interest graphically with multiple points of time to see whether the common trend assumption remains in the periods before the treatment is administered. As shown in Fig. 2 , we see MS relapses, either measured by the mean number of MS relapses or proportion of patients who experienced an MS relapse, were close to parallel between the Test Cohort and the Control Cohort during the pre-index period, except in the quarter immediately prior to the switch, labeled as -1Q in Fig. 2 .
In -1Q, we observed a peak in relapse rates, an issue referred to as the Ashenfelter's Dip in the economics literature [18, 19] . We suspect that the MS relapse may be a major driver for patients to switch medications, which relates to our model above. This suggests an issue to be addressed. To explore this issue mathematically, we have four quarters before and four quarters after the treatment has been implemented so we can write the DiD estimator as:
For consistency, we need the expected value of the e terms to be zero; however, in Fig. 2 it looks like e AÀ1 is a large number. It suggests that timing of MS relapse may be induces the doctor to switch drugs then we would expect that e AÀ1 À e BÀ1 [ 0 which would lead us to overstate the effect of the drug. There is no perfect way to address this problem. On the one hand, if the switch to FTY was only related to e AÀ1 and not any of the other error terms, then by throwing out data from -1Q we can get a consistent estimate of a. On the other hand, if there is positive serial correlation in e AQ then we would expect some of the shock to persist. If this is the case, then excluding data from period -1Q likely leads us to understate the effect of the drug. In this instance, we can think of the two specifications (excluding and including data from -1Q) as providing upper and lower bounds on the effect.
Results
Crude DiD Estimate
First, a crude DiD estimate was applied to estimate treatment effects. As shown in Table 2 , when including data from -1Q, in the pre-index period 109 (30.0 %) of the patients in the Test Cohort had an MS relapse, compared to 898 (14.0 %) in the Control Cohort. Overall, in the postindex period, 50 patients (13.8 %) in the Test Cohort experienced an MS Relapse, compared to 739 patients (11.5 %) in the Control Cohort (Table 2 ). In terms of the frequency of MS relapses, the mean (SD) number of relapses in the pre-index period was 0.34 (0.58) and 0.17 (0.47), for the Test and Control Cohorts, respectively, while in the post-index period, the mean (SD) was 0.18 (0.52) and 0.14 (0.43) in the Test and Control Cohorts, respectively (data not shown). Similarly, when excluding data from -1Q, a higher number of patients in the Test Cohort experienced an MS relapse than in the Control Cohort in the pre-index period (Table 2) .
Logistic Regression Models
Following the trend and crude DiD analyses, logistic regression was utilized to statistically test the parameters relating to group differences in the pre-and post-index periods to understand whether treatment can reduce relapse rates. Using the number of relapses while taking the medication (herein, presented by the proportion of patients experiencing a relapse) as the dependent variable, logistic regression was used to estimate the probability of experiencing a relapse while taking FTY or GA, and group differences in the pre-and post-index periods between the Test and Control Cohorts were compared.
Including data from -1Q, during the pre-index period, the overall risk of MS relapse was significantly higher in patients in the Test Cohort than for the Control Cohort (OR = 2.63, 95 % CI: 2.08, 3.33, p = 0.0000). However, after switching, the overall risk of MS relapse was not significantly different between the Test and Control Cohorts (OR = 1.22, 95 % CI: 0.90, 1.67, p = 0.1994) ( Table 2) . Likewise, when excluding data from -1Q, the overall risk of an MS relapse was significantly higher among patients in the Test Cohort than for the Control Cohort in the pre-index period (OR = 2.04, 95 % CI: 1.56, 2.65, p = 0.0000). 
DiD Regression Estimation
Finally, using DiD regression estimation by including an interaction between time (pre-index vs. post-index period) and cohorts (Test vs. Control Cohort) into explanatory variables and the count of number of patients with MS relapse as dependent variables, treatment effects by switching from GA to FTY were estimated while controlling for time effects. The purpose of this analysis was two-fold: first, it was used to estimate the magnitude of treatment effects, by controlling for the time period to see how much treatment contributes to the outcomes; and secondly, it was used to test if these differences were statistically significant. The results showed that the mean number of MS relapses decreased significantly from the pre-to the post-index period for Test Cohort, compared with the Control Cohort. As mentioned previously, the MS relapse rate made a significant jump in the quarter prior to switching to FTY for the Test Cohort, implicating Ashenfelter's Dip. To handle this issue, two separate analyses were conducted, one including data from -1Q and another excluding data from -1Q. The analysis showed that the MS relapse rate decreased by 36 % [1 -exp (-0.44)] in the Test Cohort from the pre-to postindex period (p = 0.0007, Table 3 ) when including data from -1Q while the MS relapse rate decreased by 25 % [1 -exp (-0.29); p = 0.0276, Table 3 ] when excluding data from -1Q. Thus applying our bounding argument, we conclude that the MS relapse rate decreased by between 25 and 36 %.
Discussion
To the best of our knowledge, the DiD method has not previously been used in a CER setting to examine treatment effects on health outcomes. The current study A trend analysis was conducted to rule out concerns regarding regression to the mean and to compare the relapse rates among the Test and Control Cohorts. The trend analysis showed that the mean number of MS relapses, and the proportion of patients experiencing an MS relapse, were significantly higher in the Test Cohort compared to the Control Cohort during the pre-index period. This change represents a problem known as Ashenfelter's Dip. In the economics literature, the Ashenfelter's Dip refers to the decline in mean earnings among participants in government training programs just prior to program entry (e.g. adult education programs), which may bias beforeafter estimates in program evaluation, where pre-and postprogram earnings are compared [18, 19] . In the current study, the Ashenfelter's Dip may have important consequences in measuring treatment effects, as before-after comparisons may overstate or understate the impact of treatment [19] . Evidence of the Ashenfelter's Dip among the Test Cohort is not surprising, as it suggests that a switch in medication may be due to the timing of an MS relapse. In order to provide an estimate of the upper and lower bounds of the treatment effect, analyses were conducted including and excluding data from -1Q.
Including data from -1Q, the crude DiD analysis showed that a higher percentage of patients in the Test Cohort had experienced an MS relapse than in the Control Cohort in the pre-index period, as well as a higher mean number of relapses. Logistic regression was used to estimate the probability of experiencing a relapse while taking FTY or GA, and to compare group differences in the preand post-index periods. Overall, for the duration of the preindex period, both numeric and relative data for MS relapse in patients in the Test Cohort were significantly higher than in the Control Cohort, while no significant between-group differences emerged during the post-index period. Finally, differences in the number of relapses while on FTY or GA were estimated using generalized linear modeling with a DiD regression model, which showed that while patients in the Test Cohort experienced significantly more MS relapses, the interaction term for time 9 treatment cohort showed that the mean number of MS relapses decreased significantly in the post-index period and compared with patients in the Control Cohort.
As an alternative to other methods (e.g. PSM or IPTW), DiD allows the researcher to control bias from unobserved variables that remain fixed over time and which are correlated with outcomes [12] . DiD is most often used to look at interventions, programs, or health-care policy changes. In one review [11] , the most commonly used variables include employment/wages, other market variables, and health outcomes. Several papers utilizing DiD have examined health-care policy and health outcomes [20] [21] [22] [23] [24] [25] [26] [27] . For example, Dimick and Ryan [10] highlighted two articles [28, 29] utilizing DiD to evaluate changes following the 2011 Accreditation Council for Graduate Medical Education duty hour reforms. From the pharmacology perspective, DiD has been used to evaluate patterns of oral hypoglycemic agents (e.g. discontinuation) following the publication of a meta-analyses on adverse events with specific medications [30] .
Limitations
There are limitations associated with the utilization of administrative data, as these databases are created to manage health-care transactions rather than for research purposes. Variation in patient characteristics covered by different types of health insurance plans may be present; therefore, the findings of this study may not be generalizable outside of MS patients covered by commercial health insurance in the USA.
Conclusion
The current study demonstrated the application of DiD methodology in CER settings to estimate treatment effects in a heterogeneous MS population, where the Test and Control Cohorts varied greatly. Our study has shown that DiD offers a more appropriate comparison when PSM and other risk-adjustment methods are not deemed to be adequate 
